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We first develop a reduced-rank minimum mean square error (MMSE) detector for direct-sequence (DS) code division multiple
access (CDMA) by forcing the linear MMSE detector to lie in a signal subspace of a reduced dimension. While a reduced-rank
MMSE detector has lower complexity, it cannot outperform the full-rank MMSE detector. We then concentrate on the blind
reduced-rank MMSE detector which is obtained from an estimated covariance matrix. Our analysis and simulation results show
that when the desired user’s signal is in a low-dimensional subspace, there exists an optimal subspace so that the blind reduced-
rank MMSE detector lying in this subspace has the best performance. By properly choosing a subspace, we guarantee that the
optimal blind reduced-rank MMSE detector is obtained. An adaptive blind reduced-rank MMSE detector, based on a subspace
tracking algorithm, is developed. The adaptive blind reduced-rank MMSE detector exhibits superior steady-state performance
and fast convergence speed.
Keywords and phrases: CDMA, blind multiuser detection, reduced-rank, MMSE, subspace tracking.
1. INTRODUCTION
The major limitation on the performance and channel ca-
pacity of direct-sequence (DS) code division multiple ac-
cess (CDMA) system is the multiple-access interference
(MAI) due to simultaneous transmissions. The conventional
matched filter (MF) detector cannot suppress MAI eﬀec-
tively, and it suﬀers from the near-far problem. Since CDMA
is not fundamentally MAI limited [1], multiuser detection
(MUD) techniques can substantially improve the perfor-
mance of a CDMA system. While the optimal multiuser
detector, which is essentially a maximum-likelihood (ML)
sequence detector, has prohibitive complexity, many other
multiuser detectors with relatively low complexity such as
decision feedback detector, successive or parallel interference
canceler, and linear multiuser detectors have been developed
[1]. The linear decorrelator removes all cross-correlations
between active users and thereby eliminates MAI at the price
of enhancing noise [2]. The linear minimum mean square
error (MMSE) detector is the optimal linear detector that
maximizes signal-to-interference ratio (SIR) [3, 4]. The blind
MMSE detector proposed in [5] minimizes the receiver’s
mean output energy (MOE) while constraining the response
of the desired user to a constant. It was shown that MOE and
MMSE are directly related and minimizing one is equivalent
to minimizing the other [5]. In [6], both blind decorrelator
and blind MMSE detector were derived in terms of the signal
space parameters; and an adaptive blind MMSE detector was
developed, based on a subspace tracking algorithm [7]. It was
shown that the blind adaptiveMMSE detector obtained from
the signal space parameters has much better steady-state per-
formance compared with the blind MOE detector [6]. While
blind MUD in [6] mainly focuses on Gaussian channel, the
subspace approach to blind MUD in [6] has been extended
to multipath channels [8, 9].
The blind MMSE detector proposed in [6, 8, 9] lies
in the whole signal space. In this paper, we first investi-
gate the reduced-rank MMSE detector that lies in a sub-
space of the signal space under the assumption that the de-
tector has all active users’ information. In CDMA systems,
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active users typically transmit with diﬀerent powers; thus,
the desired user may lie in a subspace that has a lower di-
mension than the signal space. When this subspace is per-
fectly known by the detector, the received data can be pro-
jected onto this subspace to provide a suﬃcient statistic for
detecting the desired user’s bits. When the desired signal
lies in the whole signal subspace, it may still be possible
to choose a lower-dimensional subspace so that the perfor-
mance loss is negligible. Note that MUD, based on the pro-
jected signal in a low-dimension subspace, has lower com-
plexity and better convergence speed if adaptive MUD is
considered.
Since the desired user may not have the knowledge of
other users’ spreading codes and powers, a blind multiuser
detector is well motivated for a mobile user to suppress MAI.
The blind MMSE detector in [6] is constructed from the
signal space parameters which are computed from an esti-
mated covariance matrix of the received signal. In this paper,
based on the estimated covariance matrix, we study all possi-
ble blind MMSE detectors lying in diﬀerent subspaces [10]
and observe that there always exists an optimal subspace,
in which the blind reduced-rank lies, achieves the highest
SIR. Suppose that the dimension of the signal subspace is K .
While the blind MOE detector in [5] is full rank, the blind
MMSE detectors in [6, 8, 9] are rank-K MMSE detectors in
the context of our general blind reduced-rank MMSE detec-
tors with diﬀerent ranks. It was observed that the blind rank-
K MMSE detector outperforms the blind full-rank MOE
detector [6]. By changing the rank and properly selecting
a subspace, we can obtain the optimal blind reduced-rank
MMSE detector that achieves the highest SIR. Since the blind
rank-K MMSE detector is only a special case of our blind
reduced-rank MMSE detector, our optimal blind reduced-
rank MMSE detector achieves better or the same perfor-
mance compared with the blind rank-K MMSE detector. The
reduced-rank MMSE detector for DS-CDMA, based on the
multistage Wiener filter in [11], was analyzed in [12] un-
der the assumption that the covariance matrix is known. Our
reduced-rank MMSE detector uses the cross spectral metric
(CSM) approach in [13] to select a subspace, and we focus
on the blindMMSE detector which uses an estimated covari-
ance matrix.
The rest of this paper is organized as follows. In Section 2,
after presenting the signal model for DS-CDMA and briefly
introducing the linear MMSE detector, we derive a reduced-
rank MMSE detector which lies in a specific subspace of
the signal space. We also develop the method to choose the
best subspace among the subspaces of the same dimension.
Section 3 analyzes the performance of the blind reduced-
rank detector which is obtained from the estimated covari-
ance matrix. An adaptive blind reduced-rank MMSE de-
tector, based on a subspace tracking algorithm, is devel-
oped in Section 4. Section 5 presents analytical and sim-
ulation results to demonstrate the performance of blind
reduced-rank MMSE detectors with diﬀerent ranks. Com-
paring these results reveals the advantage of the optimal blind
reduced-rank MMSE detector. Conclusions are drawn in
Section 6.
2. SIGNALMODEL AND REDUCED-RANK
MMSE DETECTOR
In this section, we present the signal model for DS-CDMA.
After describing the conventional MMSE detector, we derive
our reduced-rank MMSE detector. While derivation in this
section assumes that the detector has all active users’ infor-
mation, we will concentrate in the remaining of this paper on
the blind MMSE detector which has only the desired user’s
information.
2.1. Signalmodel
We consider a DS-CDMA system with K users simultane-
ously transmitting over an additive white Gaussian noise










t − iT − τk
)
+ n(t), (1)
where Ak is the received signal amplitude of user k, bk(i)
is the information-bearing bit of user k in the ith bit in-
terval, sk(t) is the normalized spreading waveform whose
support is over the bit interval [0, T], τk is the propaga-
tion delay with respect to the receiver, and n(t) is zero-
mean AWGN with power spectral density σ2. We assume
that {bk(i)} is a set of independent equiprobable ±1 random
variables.









, t ∈ [0, T], (2)
where {sk[0], sk[1], . . . ,sk[N−1]} is the signature sequence of
±1’s assigned to the kth user, ψ(t) is a normalized chip wave-
form of duration Tc, and N = T/Tc is the processing gain.
If the transmitted signal passes through a multipath channel,
we have the same signal model as (1) by replacing sk(t) with
the eﬀective spreading waveform which is given by convolu-
tion of sk(t) with channel impulse response. If all users are
synchronous, that is, τ1 = τ2 = · · · = τK = 0, it is then suf-
ficient to consider the received signal during one bit interval,




Akbksk(t) + n(t), t ∈ [0, T]. (3)
Since, given the received signal in n symbol intervals, an
asynchronous system of K users can be viewed as equiva-
lent to a synchronous system with (n + 1)K − 1 users [3],
above synchronous signal model is general enough to sub-
sume asynchronous signal model. Hence, throughout this
paper, we will restrict our attention to the synchronous sig-
nal model (3). It is worth pointing out here that the work in
this paper can be extended to multipath channel by incor-
porating blind channel identification in [8, 9] or by using a
minimum variance detector [14].
Blind Reduced-Rank MMSE Detector for DS-CDMA Systems 1367
Passing the received signal r(t) through the chip-matched
filter ψ(T − t) and sampling at chip rate, we obtain an N-




Akbksk + n, (4)
where sk = (1/
√
N)[sk[0], sk[1], . . . ,sk[N − 1]]T is the nor-
malized spreading code of the kth user, and n is a white Gaus-
sian noise vector with zero-mean and covariancematrix σ2IN
(IN denotes theN×N identity matrix). We can also write the
received signal vector in a compact matrix form as
r = SAb + n, (5)
where S = [s1, s2, . . . , sK ], A = diag(A1, A2, . . . , AK ), and b =
[b1, b2, . . . , bK ]T .
2.2. MMSE detector
Suppose that the desired user is user 1, then the linear MMSE
detector c for detecting this user’s information bit minimizes
the mean square error MSE = E{(b1 − cTr)2} and can be
found as [3]
c = C−1p, (6)
where p = E{b1r} = A1s1 is the cross-correlation between b1
and r, and the covariance matrix C is given by
C = E{rrT} = SA2ST + σ2IN . (7)
The decision on b1 is given by bˆ1 = sign(cTr), where
sign(x) = 1 if x > 0, and sign(x) = −1 if x < 0. The covari-
ance matrix C can also be expressed in terms of its eigenvalue
decomposition










where U = [Us Un], Λ = diag(Λs,Λn); Λs = diag(λ1, . . . ,
λK ) contains the K largest eigenvalues of C in descending or-
der, and Us =
[
u1 · · · uK] contains the corresponding or-
thonormal eigenvectors; Λn = σ2IN−K and Un contains the
N −K orthonormal eigenvectors with the eigenvalue σ2. The
range space of Us is called signal space since it has the same
range as S. The range of Un is called noise space.
Since s1 is orthogonal to the noise space, it is easily shown
that the full-rankMMSE detector in (6) can also be expressed
in terms of the signal space parameters
c = UsΛ−1s UTs p, (9)
and mean square error is written as
MSE = 1− pTUsΛ−1s UTs p. (10)
It is observed from (9) that the MMSE detector c is a vector
lying in the signal space.
2.3. Reduced-rankMMSE detector
Now, suppose that we restrict our linear detector to lie in a
subspace of the signal space. The following result gives the
linear MMSE detector under such restriction.
Proposition 1. Suppose that the matrix Ur contains r (r ≤ K)
columns of Us and Λr consists of corresponding eigenvalues.
The rank-r MMSE detector, that lies in the range space of Ur ,
is given by
cr = UrΛ−1r UTr p, (11)
and the mean square error is found as
MSEr = 1− pTUrΛ−1r UTr p. (12)
Proof. Let w = [w1, w2, . . . , wr]T and cr = Urw, then the
mean square error is calculated by
MSEr = E
{(
b1 − cTr r
)2}
= cTr Ccr − 2cTr p + 1
= wTUTr CUrw − 2wTUTr p + 1.
(13)
Derivative of MSEr with respect to w is found as
∂(MSEr)
∂w
= 2UTr CUrw − 2UTr p. (14)
Letting it be equal to the 0 vector, we obtain
w = (UTr CUr)−1Urp = Λ−1r Urp. (15)
Here, we use the fact that the eigenvectors are orthonormal.
The rank-r MMSE detector in (11) follows from (15). Sub-
stitutingw in (15) into (13), we obtain the mean square error
in (12).
The rank-r MMSE detector can also be obtained as fol-
lows. The projection matrix for the range space of Ur is
Pr = UrUTr . The projection of the received signal to the range
of Ur is r1 = Prr. Then, the linear MMSE detector based on
r1 is cr1 = C−11 p1, where C1 is the covariance matrix of r1
and p1 is the cross-correlation between r1 and b1. It is easily
shown that cr1 is the same as cr in (11).
Comparing (10) and (12) reveals that themean square er-
ror of a reduced-rank detector is greater than or equal to that
of the full-rank detector. Hence, a reduced-rank MMSE de-
tector cannot outperform the full-rankMMSE detector when
the covariance matrix is perfectly known. Typically, the re-
ceived signal powers of diﬀerent users are diﬀerent, which
is true especially in the downlink. Then, the desired user
may lie in a subspace of the signal space. In this case, if we
choose Ur so that the desired user is in the range of Ur , the
reduced-rank MMSE detector has the same performance as
the full-rank MMSE detector. If the desired user lies in the
whole signal space for a given rank, we can choose the best
subspace using the CSM approach to subspace selection in
the context of a generalized sidelobe canceler [13]. We define
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where Qi can be viewed as the normalized energy of user 1
projected onto the ith eigenvector. Then, MSE in (10) can
also be expressed as




It is apparent from (17) that the optimal rank-r MMSE de-
tector lies in the subspace spanned by the r eigenvectors cor-
responding to the r largest Qi [13].
In the above derivation of the reduced-rank MMSE de-
tector, it is assumed that the covariance matrix is known.
In practice, a user knows his own spreading code but does
not have the knowledge of other users’ codes. In this case,
the covariance matrix is estimated from a limited number of
data samples; and the full-rank or reduced-rank MMSE de-
tector can be blindly implemented based on the estimated
covariance matrix without knowing other users’ spreading
codes. In the rest of the paper, we will focus on the blind
reduced-rank MMSE detector. Using numerical and simula-
tion results in Section 5, we will show that there exists an op-
timal blind reduced-rankMMSE detector which achieves the
best performance among all MMSE detectors with diﬀerent
ranks.
3. BLIND REDUCED-RANKMMSE DETECTOR
AND PERFORMANCE ANALYSIS
In this section, we present the blind reduced-rankMMSE de-
tector and analyze its steady-state performance in terms of
the mean square error at the detector output.
3.1. Blind reduced-rankMMSE detector
When M samples of data vector {rm}Mm=1 are available, the






We assume that {rm}Mm=1 are independent identically dis-
tributed (i.i.d.), which is true when the system is in steady-
state, that is, there are no users exit or enter the system.
Let Λˆ = diag(λˆ1, . . . , λˆN ) contain the eigenvalues of Cˆ in
descending order and Uˆ = [uˆ1, . . . , uˆN ] contain the corre-
sponding eigenvectors. Based on Λˆ, the dimension of the sig-
nal subspace can be determined using information-theoretic
criterion such as the Akaike information criterion (AIC)
[15]. Suppose that the dimension of the signal space is K ,
let Λˆs contain the K largest eigenvalues, and Uˆs contain the
corresponding eigenvectors. Given 0 < r ≤ K , a blind rank-r
MMSE detector is then found from (11) as
cˆr = UˆrΛˆ−1r UˆTr p, (19)
where Uˆr comprises r columns of Uˆs and Λˆr consists of cor-
responding eigenvalues. If we calculate Qˆi = ‖sT1 uˆi‖2/λˆi, the
optimal rank-r MMSE detector can be constructed from r
eigenvectors corresponding to the r largest Qˆi. Without con-
fusing with an arbitrary rank-r MMSE detector in (19), we
denote the optimal rank-r MMSE detector as cˆr . To deter-
mine the optimal rank for the reduced-rank MMSE detector,
we apply the decided bits to each of {cˆr}Kr=1 and estimateMSE
at each detector’s output. The optimal rank corresponds to cˆr
with the smallestMSE. The details of determining the dimen-
sion of the signal space using AIC and the optimal reduced-
rank MMSE detector in decision-directed mode will be pre-
sented in the adaptive blind reduced-rank MMSE detector in
Section 4.
Remark 1. When the covariance matrix is known as we dis-
cussed in Section 2, the nonblind reduced-rank MMSE de-
tector may have performance loss compared to the full-rank
MMSE detector. However, when blind MMSE detector is
considered, the estimation error in covariance matrix causes
estimation error in the signal space and corresponding eigen-
values. Hence, a blind reduced-rankMMSE detector, lying in
a properly selected subspace, can outperform the blind full-
rank MMSE detector which will be shown in the analysis re-
sults and simulations in Section 5.
Remark 2. The detector cˆr in (19) does not need to know
the interfering user’s information. If the signal amplitude A1
of the desired user is unknown to the detector, we can em-
ploy ˆ¯cr = UˆrΛˆ−1r UˆTr s1 as a blind detector, which has the same
output SIR as cˆr and is applicable to any constant-modulus
(CM) constellation. Based on the CM property, we can es-
timate the signal amplitude A1 by Aˆ1 =
∑NA
m=1 | ˆ¯cTr rm|/NA,
where NA is the number of data to estimate A1. Using Aˆ1 and




2/NMSE for each of { ˆ¯cr}Kr=1, where NMSE is the num-
ber of symbols used to estimate MSE. The optimal reduced-
rank detector ˆ¯cr is the one that has the smallest MSE. Hence,
the adaptive algorithm developed in Section 4 is also appli-
cable to ˆ¯cr .
Remark 3. It is worth pointing out an alternative method to
choose a near-optimal rank for cˆr or ˆ¯cr without using decided
bits. Let K1 be the number of nonzero entries in {Qi}Ki=1,
which is the dimension of the subspace in which s1 lies. Based
on {Qˆi}Ni=1, we can estimate K1 using AIC. If the estimate of
K1 is Kˆ1, the reduced-rank detector is then constructed from
Kˆ1 eigenvectors corresponding to the Kˆ1 largest Qˆi. The sim-
ulation results in Section 5 show that the rank-K1 MMSE de-
tector is not necessarily optimal, but its performance is close
to that of the optimal reduced-rank MMSE detector. The ad-
vantage of this method of choosing subspace for the reduced-
rank detector is that the detector is not required to use de-
cided bits to determine the optimal rank and may avoid the
problem of unreliable decision.
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3.2. Performance analysis
First, we briefly review the asymptotic statistics of the eigen-
values and eigenvectors of the sample covariance matrix. Let
∆λi = λˆi − λi and ∆ui = uˆi − ui. If {rm}Mm=1 are i.i.d.
Gaussian and all elements of {λi}Ki=1 are distinct, we then
know from [16, page 340] that {∆λi,∆ui}Ki=1 are asymptot-
ically normal with zero-mean and {∆λi}Ki=1 is asymptoti-
cally independent of {∆ui}Ki=1, as M → ∞. The elements of
{∆λi}Ki=1 are mutually independent, and the variance of ∆λi
is σ2i = 2λ2i /M + O(1/M2); the covariances of {∆ui}Ki=1 are










)2 unuTn +O( 1M2
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)2 u juTi +O( 1M2
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, i = j.
(20)
Although our data vector rm is not Gaussian, the above statis-
tic of eigenvalues and eigenvectors of the covariance matrix
holds true due to the following reason. The derivation of
the statistic of {∆λi,∆ui}Ki=1 relies on asymptotic normality
of the sample covariance matrix [16, page 454]. It is shown
that when data vector is i.i.d. Gaussian, the sample covari-
ance matrix is asymptotically normal by central limit theo-
rem [17]. Since the central limit theorem does not require
the data vector to be Gaussian and {rm}Mm=1 to be i.i.d in our
case, we know that Cˆ is asymptotically normal; and thus, the
above statistic of {∆λi,∆ui}Ki=1 also holds true for any i.i.d.
data vector.
The blind rank-r detector cˆr is a random vector depend-
ing on the estimated eigenvalues and eigenvectors, and the
mean square error conditioned on cˆr is also a random vari-
able. Our objective is to obtain the mean of the conditional
mean square error which is a goodmeasure of the MMSE de-
tector’s performance. The approach is based on the second-
order Taylor series expansion of the conditional mean square
error.
The mean square error conditioned on cˆr is given by
MSEr = 1 + cˆTr Ccˆr − 2cˆTr p. (21)
The second-order Taylor series expansion of MSEr around
the point P = {ui, λi}ri=1 is given by



























∆uTi Hi j∆u j ,
(22)
where the vector gi is the gradient of MSEr along uˆi at point
P, fi is the first partial derivative of MSEr with respect to λˆi
at point P, Fi j is the second partial derivative of MSEr with
respect to λˆi and λˆ j at point P, and the elements of vector hi j




















Taking expectation of MSEr with respect to {∆λi,∆ui, i =
1, . . . , r}, we obtain















where tr(·) denotes trace of the matrix in parentheses. Here,
we use the fact that means of ∆λi and ∆ui are zero, elements
of {∆λi}ri=1 are mutually independent, and {∆λi}ri=1 are in-
dependent of {∆ui}ri=1. Derivation of Hi j and Fii is given the
appendix. In Section 5, we will evaluate MSE in (24) numer-
ically. The numerical results based on the analysis in this sec-
tion, along with simulations, will clearly show the advantage
of the optimal blind reduced-rank MMSE detector.
4. ADAPTIVE REDUCED-RANKMMSE DETECTOR
BASED ON SUBSPACE TRACKING
To implement the blind reduced-rank MMSE detector, we
need to compute the eigenvectors and eigenvalues of the sam-
ple covariance matrix. This can be achieved by performing
singular value decomposition (SVD) or eigenvalue decom-
position (EVD) on the sample covariance matrix. Classical
batch EVD and batch SVD algorithms [18] are computa-
tionally demanding. In order to overcome this diﬃculty, a
number of adaptive algorithms for subspace tracking have
been developed [7, 19, 20]. In [6], the projection approxima-
tion subspace tracking (PASTd) algorithm in [7] was used
for blind adaptive multiuser detection. While PASTd algo-
rithm has low-computational complexity (O(NK)), its con-
vergence speed is very slow. In a CDMA system, users enter or
leave the system randomly, and thus, the signal space changes
dynamically. Hence, we need a fast convergence algorithm
to track variations of the signal space. Furthermore, to find
the optimal reduced-rankMMSE detector, orthogonal eigen-
vectors are required. However, the basis for the signal space
tracked by PASTd are not orthogonal. For these reasons, in-
stead of using PASTd, we use the subspace tracking algo-
rithm in the reduced-rank adaptive filter named LORAF 1
in [20], which has a fast speed to track orthogonal eigenvec-
tors. The subspace tracking algorithm in LORAF 1 has com-
putational complexity of O(NK2). Since the subspace track-
ing algorithm in LORAF 1 cannot track the dimension of the
signal space, we combine the rank tracking method in [21]
with this algorithm. After briefly reviewing the adaptive sub-
space tracking algorithm in LORAF 1, we will incorporate
rank tracking into this algorithm and develop our adaptive
reduced-rank MMSE detector.
Suppose that we know the dimension of the signal
space K . Let U0 be an N × K matrix with orthonormal
columns, and denote the covariance matrix at time t as Ct .
The following orthogonal iteration generates a sequence of
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matrix {Ut} [18]
At = CtUt−1, (25)
At = UtRt , (26)
where Ut and Rt are the factors of a skinny QR decomposi-
tion of the matrix At. Assuming that Ct does not change in
time, we can show that the sequence of the triangular matrix
{Rt} will converge towards the diagonal matrix of K domi-
nant eigenvalues, and the sequence of recursion matrix {Ut}
will converge towards the matrix of K corresponding eigen-





where 0 < β ≤ 1 and Ct is calculated recursively according to
Ct = βCt−1 + rtrTt . When Ct is updated at time t, we can cal-
culate Ut and Rt using (25) and (26). A key step towards the
fast subspace tracking algorithm is the orthogonal projection
of the actual recursion matrix Ut onto the previous subspace
spanned by the columns of Ut−1,
Ut = Ut−1Θt + ∆t , (27)
whereΘt = UTt−1Ut and ∆t is orthogonal to the column space
of Ut−1. The update equation (25) becomes
At = βAt−1Θt−1 + rtzTt + βCt−1∆t−1, (28)
where zTt = UTt−1rt. Only the last term requires O(N2K) op-
erations, but it can be neglected without any performance
penalty [20]. This results in the O(NK2) recursion for a di-
rect updating of matrix At,
At = βAt−1Θt−1 + rtzTt . (29)
The fast subspace tracking algorithm consists of (26) and
(29), where the diagonal elements of Rt comprise K dom-
inant eigenvalues and Ut contains corresponding eigenvec-
tors.
Now wemodify this algorithm to track both rank and the
signal space as follows. Suppose that the rank at time t − 1
is Kt−1, we track Kt−1 + 1 dominant eigenvalues {λti}Kt−1+1i=1
and corresponding eigenvectors in Ut at time t. Projecting
received signal onto the orthogonal complement space to the
span of Ut, we obtain x = (I − UtUTt )rt. From x, we recur-
sively calculate σ2t = βσ2t−1+xTx/(N−Kt−1−1) and let λti = σ2t
for i = Kt−1 + 2, . . . , N . Based on the estimated eigenvalues
{λti}Ni=1, we can estimate the rank of the signal space using
the AIC [15]. The quantity AIC is defined as
AIC(k) = (N − k)L ln (α(k)) + k(2N − k), (30)












The estimated rank is given byKt = argmin0≤k≤N−1 AIC(k)+
1. If Kt < Kt−1, we remove the last columns from matrix Ut
and update Kt = Kt−1−1. If Kt > Kt−1, we add x/σ2t to matrix
Ut as its last column and let Kt = Kt−1 + 1.
After the eigenvectors and corresponding eigenvalues are
obtained, we can find the optimal reduced-rank MMSE de-
tector. The estimate ofQi in (16) is given by Qˆi = ‖sT1 uti‖2/λti .
For every rank 0 < r ≤ Kt, the optimal rank-r MMSE de-
tector cˆr is obtained, using the r eigenvectors and eigenval-
ues corresponding to the r largest Qˆi. Applying the recently
decided bits to each of Kt reduced-rank detectors {cˆr , r =
1, . . . , Kt}, we can estimate the mean square error at the out-
put of each reduced-rank detector. The optimal reduced-
rank MMSE detector is the one having the smallest mean
square error. Mathematically, if MSE(r) is the MSE at the
output of cˆr , the optimal reduced-rank MMSE detector is
given by
co = arg min
{cˆr}Ktr=1
MSE(r). (32)
The proposed adaptive reduced-rankMMSE detector is sum-
marized in Table 1, in which forgetting factor is chosen to be
β = 0.995, and NMSE = 10 recently decided bits are used to
estimate MSE. In the initializing stage, choosing a rank less
than the dimension of the signal space may not be reliable
because MSE cannot be estimated accurately. So, the rank-Kt
MMSE detector should be used in this stage. After that, since
the optimal reduced-rank MMSE detector is chosen from all
MMSE detectors with diﬀerent ranks, it has the best possible
steady-state performance and the fastest convergence speed
if the signal space is disturbed when a user exits or enters
the system. This is confirmed by the simulation results in
Section 5.
5. SIMULATION AND ANALYSIS RESULTS
In this section, we provide some simulation examples and
numerical results based on the analysis in Section 3 to
demonstrate the performance of the reduced-rank MMSE
detector. For a given rank r ≤ K , the optimal blind rank-r
MMSE detector is chosen to lie in the subspace spanned by
r eigenvectors corresponding to the r largest Qˆi as discussed
in Section 3. In simulations, we also show the performance
of the MMSE detectors constructed from r > K eigenvectors
of the sample covariance matrix, where r − K eigenvectors
are arbitrarily chosen from N −K eigenvectors spanning the
noise space. The performance measure for simulation is SIR.
Since the distribution of a linear MMSE detector’s output is
approximately Gaussian [22], the output SIR translates eas-
ily into an equivalent bit error probability. In analysis results,
the performancemeasure is mean square error which is given
by (24). Gold sequences are used as spreading codes. Unless
otherwise stated, the processing gain is N = 31 and the data
plotted are averaged over 400 independent runs. The number
of data samples used to estimate covariancematrix is denoted
asM. User 1 is assumed to be the desired user; SNR is defined
as SNR = A21/σ2 and is chosen as SNR = 20dB in all plots.
Example 1 (simulation of a single user system). The optimal
detector in the single user case is the MF detector. However,
Blind Reduced-Rank MMSE Detector for DS-CDMA Systems 1371
Initialization U0 = IN ; Θ0 = IN ; A = 0N ; K0 = N − 1; β = 0.995;
σ20 = 0;NMSE = 10






At = βAt−1Θt−1 + rtzTt
At = UtRt : QR factorization
Θt = UTt−1Ut
x = rt −UtUTt rt
σ2t = βσ2t−1 + xTx/
(
N − Kt−1 − 1
)
{







Update the rank of signal subspace Kt
FOR k = 1 : N − 1 DO
α(k) = [∑Ni=k+1 λti /(N − k)]/(∏Ni=k+1 λti)1/(N−k)
AIC(k) = (N − k) ln [α(k)]/(1− β) + k(2N − k)
END
Kt = argmin0≤k≤N−1 AIC(k) + 1
IF Kt < Kt−1, then
Kt = Kt−1 − 1
Ut = Ut
(








1 : Kt−1, 1 : Kt−1
)
ELSE IF Kt > Kt−1 THEN

















Choose the optimal reduced-rank MMSE detector co
calculate {Qˆi}Kti=1, and generate a matrix V whose first column v1
corresponds to the largest {Qi}Kti=1 and second column v2 corre-
sponds to the second largest {Qi}Kt−1i=1 , and so on. Let ηi be the eigen-
value corresponding to vi
cˆ0 = 0
FOR r = 1 : Kt DO
cˆr = cˆr−1 + vkvTk p/ηk
MSE(r) = 0
FOR i = 1 : NMSE DO
MSE(r) =MSE(r) + (bˆt−i − cˆTr rt−i)2
END
END























C estimated,M = 1000
C estimated,M = 400
C estimated,M = 200
Figure 1: SIR of MMSE detectors. N = 31, K = 1, SNR = 20dB.
an MMSE detector designed for suppressing MAI is likely to
operate in a single user environment because a user does not
have other active users’ information. The simulated perfor-
mance of a single user system is plotted in Figure 1. Since
the noise-free signal has rank 1, the performance of all de-
tectors with diﬀerent ranks is the same when the covari-
ance matrix is known. When the covariance matrix is esti-
mated, we see that the optimal blind reduced-rank MMSE
has rank 1. If we use more eigenvectors other than the one
corresponding to the largest Qˆi to construct the MMSE de-
tector, we get more noise than the desired signal at the out-
put of the detector, which degrades the performance. We also
observed from Figure 1 that the number of samples M used
to estimate the covariance matrix aﬀects the performance of
rank-r (r > 1) detectors. For example, SIR at the full-rank
MMSE detector output is 7 dB for M = 200, and 14dB for
M = 1000.
Example 2 (simulation of 10 user systems). In Figure 2, nine
interference users’ SNRs are 10 dB. This may be the case
in which there is only one user in the cell but there exists
inter-cell interference. From the SIR curve of the MMSE de-
tector with known covariance matrix, we see that the sig-
nature of the desired user lies in a two-dimensional sub-
space, and most of the desired user’s energy is in a one-
dimensional subspace. Hence, a rank-1 blind MMSE detec-
tor has the best performance. In Figure 3, there are five weak
interfering users and four strong interfering users. The opti-
mal blind reduced-rank MMSE detector has rank 2. Figure 4
is for the perfect power control case, where nine interfering
users have the same power as the desired user. In this case,
rank-K MMSE detector has the best performance since the
signature of the desired user is in the whole signal space.

















C estimated,M = 1000
C estimated,M = 400
C estimated,M = 200
Figure 2: SIR of MMSE detectors. N = 31, K = 10, SNR = 20dB,

















C estimated,M = 1000
C estimated,M = 400
C estimated,M = 200
Figure 3: SIR of MMSE detectors. N = 31, K = 10, SNR = 20dB,
(K − 1) interferences’ SNRs are 10 dB, 10 dB, 10 dB, 10 dB, 10 dB,
20 dB, 30 dB, 30 dB, 40 dB.
All simulations show that the MMSE detectors whose rank
are greater than K perform worse than the rank-K MMSE
detector. Figure 5 compares the performance of the opti-
mal reduced-rank MMSE detector, the rank-K MMSE de-
tector, and the full-rank MMSE detector when the number
of samples used to estimate the covariance matrix changes.
The users’ powers are the same as in Figure 3. We observe
that the optimal reduced-rank MMSE detector needs about















C estimated,M = 1000
C estimated,M = 400
C estimated,M = 200
Figure 4: SIR of MMSE detectors. N = 31, K = 10, SNR = 20dB,





















Figure 5: SIR of MMSE detectors. N = 31, K = 10, SNR = 20dB,
(K − 1) interferences’ SNRs are 10 dB, 10 dB, 10 dB, 10 dB, 10 dB,
20 dB, 30 dB, 30 dB, 40 dB.
the rank-K MMSE detector, which implies that the optimal
reduced-rank MMSE detector has much faster convergence
speed. On the other hand, given anM, the optimal reduced-
rank MMSE detector has higher SIR than both rank-K and
full-rank MMSE detectors. This demonstrates that, given an
eﬀective window size to estimate the covariance matrix, the
optimal reduced-rank MMSE detector has the best steady-
state performance.

















Figure 6: MSE of MMSE detectors. N = 31, K = 10, SNR = 20dB.
(K − 1) interference users’ SNRs are 8.4dB, 8.8dB, 9.2dB, 9.6dB,
10 dB, 10.4dB, 10.8dB, 11.2dB, 11.6dB.
Example 3 (analytical results). In this example, we compare
simulation results with analytical results. There are K = 10
users in the system. SNRs of diﬀerent users are chosen to be
diﬀerent so that the ten largest eigenvalues of the covariance
matrix are diﬀerent, which is necessary in the analysis. The
number of samples used to estimate the covariance matrix
is M = 1000, and simulation results are obtained by averag-
ing over 2000 independent runs. In Figure 6, nine interfering
users have low power. Both simulation and analytical results
show that a rank-1 blind MMSE detector has the smallest
MSE; whereas, when the covariance matrix is known, rank-
K MMSE detector has the best performance. In Figure 7,
there are both weak and strong interfering users, and a rank-
2 blindMMSE detector has the best performance. This shows
the advantage of the optimal reduced-rank MMSE detector.
In Figure 8, interfering users’ powers are close to that of the
desired user. The signature of the desired user is in the whole
signal space. Therefore, the rank-K blindMMSE detector has
the smallest MSE. In any case, we can always choose a rank-r
MMSE detector with 0 < r ≤ K to achieve the best perfor-
mance.
Example 4 (simulation of the adaptive reduced-rank MMSE
detector). In this example, we use the adaptive algorithm
developed in Section 4 to simulate the performance of
the adaptive reduced-rank MMSE detector in a dynamic
multiple-access channel. The simulation results are depicted
in Figure 9. Processing gain is N = 15 and forgetting factor
is β = 0.995. At t = 0, there are K = 10 users in the system;
among nine interfering users, there are six 10-dB users, one

















Figure 7: MSE of MMSE detectors. N = 31, K = 10, SNR = 20dB.
(K − 1) interference users’ SNRs are 8 dB, 9 dB, 10 dB, 11 dB, 12 dB,



















Figure 8: MSE of the MMSE detectors. N = 31, K = 10, SNR =
20dB, (K − 1) interference users’ SNRs are 16 dB, 17 dB, 18 dB,
19 dB, 20 dB, 21 dB, 22 dB, 23 dB, 24 dB.
a 40-dB user enters the channel; at t = 4000, two 40-dB users
exit the channel. The optimal reduced-rank MMSE detector
is simulated after first 50 iterations by using tenmost recently
decided bits to estimate the mean square error. We see that
the optimal reduced-rank MMSE detector has approximate
2 dB advantage over the rank-K MMSE detector, the rank-K






















at t = 0
A 40-dB user
enters at t = 2000
2 40-dB users
exit at t = 4000
Optimal reduced-rank
Rank-K























at t = 0
A 40-dB user
enters at t = 2000
2 40-dB users
exit at t = 4000
Optimal reduced-rank
Full-rank
(b) Comparison between the optimal reduced-rank and full-rank
MMSE detectors.
Figure 9: Performance of the adaptive reduced-rank MMSE detector in a dynamic multiple-access.
MMSE detector has slightly higher SIR than the full-rank
MMSE detector in steady-state, and the adaptive algorithm
has a fast convergence speed when users enter or exit the sys-
tem.
6. CONCLUSIONS
We developed a blind reduced-rank MMSE detector for DS-
CDMA by using an estimated covariance matrix of the re-
ceived signal and forcing the linear MMSE detector to lie in
a subspace of the signal space. Our analysis and simulations
show that there exists an optimal blind reduced-rank MMSE
detector that achieves the highest SIR among all MMSE de-
tectors with diﬀerent ranks. By properly selecting a subspace,
we guarantee that the optimal blind reduced-rank MMSE
detector is obtained adaptively. The adaptive blind reduced-
rank MMSE detector exhibits superior steady-state perfor-
mance and fast convergence speed in comparison with its
full-rank counterpart.
APPENDIX
DERIVATION OFHi j AND Fii
Denote the last two terms in (21) as T1 = cˆTr Ccˆr and T2 =
2cˆTr p. We first derive the first and second partial derivatives
















If we define zi = (2/λˆi)Ccˆr and Xi = uˆipT + pT uˆiIN , then g1i






the Hessian matrix of T1,H1 ji, is given by






























































where {xi j , j = 1, . . . , N} are columns of matrix Xi and ma-
trices {Y j , j = 1, . . . , N} are defined as
Y j = P j + p( j)IN , (A.4)
with P j being a matrix whose jth column is vector p and
other columns being zero vectors. The term T1 can also be
expressed as









































































and then, the second partial derivative of T1 with respect to




















It is easily shown that the second term in (A.7) is equal to



































where the ith column of matrix W is p(i)p. The second











Finally, Fii in (24) is given by Fii = ∂2T1/∂λˆ2i |P − ∂2T2/∂λˆ2i |P ,
andHi j in (24) is given byHi j = H1i j −H2i j .
ACKNOWLEDGMENT
This work was presented in part at the 33rd Asilomar Confer-
ence on Signals, Systems, and Computer, Pacific Grove, Calif,
October 1999.
REFERENCES
[1] S. Verdu´, Multiuser Detection, Cambridge University Press,
Cambridge, UK, 1998.
[2] R. Lupas and S. Verdu´, “Linear multiuser detectors for
synchronous code-division multiple-access channels,” IEEE
Transactions on Information Theory, vol. 35, no. 1, pp. 123–
136, 1989.
[3] U. Madhow and M. Honig, “MMSE interference suppres-
sion for direct-sequence spread spectrum CDMA,” IEEE
Trans. Communications, vol. 42, no. 12, pp. 3178–3188, 1994.
[4] Z. Xie, R. T. Short, and C. K. Rushforth, “A family of sub-
optimum detectors for coherent multiuser communications,”
IEEE Journal on Selected Areas in Communications, vol. 8, no.
4, pp. 683–690, 1990.
[5] M. Honig, U. Madhow, and S. Verdu´, “Blind adaptive mul-
tiuser detection,” IEEE Transactions on Information Theory,
vol. 41, no. 4, pp. 944–960, 1995.
[6] X. Wang and H. V. Poor, “Blind multiuser detection: A sub-
space approach,” IEEE Transactions on Information Theory,
vol. 44, no. 2, pp. 677–690, 1998.
[7] B. Yang, “Projection approximation subspace tracking,” IEEE
Trans. Signal Processing, vol. 44, no. 1, pp. 95–107, 1995.
[8] Y. Song and S. Roy, “Blind adaptive reduced-rank detection
for DS-CDMA signals in multipath channels,” IEEE Journal
on Selected Areas in Communications, vol. 17, no. 11, pp. 1960–
1970, 1999.
[9] X. Wang and H. V. Poor, “Blind equalization and multiuser
detection in dispersive CDMA channels,” IEEE Trans. Com-
munications, vol. 46, no. 1, pp. 91–103, 1998.
[10] X. Cai, H. Ge, and A. N. Akansu, “Low-rank MMSE detector
for synchronous DS-CDMA,” in Proc. 33rd Asilomar Confer-
ence on Signals, Systems and Computer, pp. 940–944, Pacific
Grove, Calif, USA, October 1999.
[11] J. S. Goldstein, I. S. Reed, and L. L. Scharf, “A multistage rep-
resentation of the Wiener filter based on orthogonal projec-
tions,” IEEE Transactions on Information Theory, vol. 44, no.
7, pp. 2943–2959, 1998.
[12] M. Honig and W. Xiao, “Performance of reduced-rank linear
interference suppression,” IEEE Transactions on Information
Theory, vol. 47, no. 5, pp. 1928–1946, 2001.
[13] J. S. Goldstein and I. S. Reed, “Subspace selection for partially
adaptive sensor array processing,” IEEE Trans. on Aerospace
and Electronics Systems, vol. 33, no. 2, pp. 539–543, 1997.
[14] X. Cai, H. Ge, and A. N. Akansu, “Low-rank minimum vari-
ance CDMA receiver in multipath channels,” in Proc. IEEE
Int. Conf. Acoustics, Speech, Signal Processing, pp. 2877–2880,
Istanbul, Turkey, June 2000.
[15] M. Wax and T. Kailath, “Detection of signals by information
theoretic criteria,” IEEE Trans. Acoustics, Speech, and Signal
Processing, vol. 33, no. 2, pp. 387–392, 1985.
[16] D. R. Brillinger, Time Series: Data Analysis and Theory, Holt,
Rinehart and Winston, New York, NY, USA, 1975.
[17] R. P. Gupta, “Asymptotic theory for principal component
analysis in the complex case,” J. Indian Statist. Assoc., vol. 3,
pp. 97–106, 1965.
1376 EURASIP Journal on Applied Signal Processing
[18] G. H. Golub and C. F. V. Loan, Matrix Computations, The
Johns Hopkins University Press, Baltimore, Md, USA, 1996.
[19] E. M. Dowling, L. P. Ammann, and R. D. DeGroat, “A TQR-
iteration based adaptive SVD for real time angle and fre-
quency tracking,” IEEE Trans. Signal Processing, vol. 42, no.
4, pp. 914–926, 1994.
[20] P. Strobach, “Low-rank adaptive filters,” IEEE Trans. Signal
Processing, vol. 44, no. 12, pp. 2932–2947, 1995.
[21] B. Yang, “An extension of the PASTd algorithm to both rank
and subspace tracking,” IEEE Signal Processing Letters, vol. 2,
no. 1, pp. 179–182, 1995.
[22] H. V. Poor and S. Verdu´, “Probability of error in MMSE mul-
tiuser detection,” IEEE Transactions on Information Theory,
vol. 43, no. 3, pp. 858–871, 1997.
Xiaodong Cai received the B.S. degree from
Zhejiang University, China, the M.S. de-
gree from the National University of Singa-
pore, Singapore, and the Ph.D. degree from
New Jersey Institute of Technology in De-
cember 2000, all in electrical engineering.
From February 2001 to June 2001, he was
a member of Technical Staﬀ at Lucent Tech-
nologies, NJ, working onW-CDMAproject.
From July 2001 to October 2001, he was a
Senior System Engineer at Sony Technology Center in San Diego,
Calif, involved in developing high data rate wireless modem. Since
November 2001, he has been a Post-Doctoral Research Associate
in the department of Electrical and Computer Engineering, Uni-
versity of Minnesota, Minneapolis. His research interests lie in the
areas of communication theory, signal processing, and wireless net-
works.
Hongya Ge received the B.S. degree from
the University of Electronic Science and
Technology of China (UESTC), Chengdu,
China, the M.S. degree from the Nanjing
University of Aeronautics and Astronautics,
Nanjing, China, and the Ph.D. degree from
the University of Rhode Island, Kingston,
RI, in 1982, 1985, and 1994, respectively,
all in electrical engineering. From 1986 to
1990, Dr. Ge was with the Department of
Information and Electronics at the Zhejiang University, as Lec-
turer/Researcher, teaching and researching in radar signal process-
ing, communication theory, and numerical analysis. Since 1995,
she has been with the Department of Electrical and Computer En-
gineering, New Jersey Institute of Technology, Newark, NJ, where
she is currently an Associate Professor. During the academic year
2000–2001, she was with the Applied Research Department of Tel-
cordia Technologies, Inc. NJ, working on broadband wireless ac-
cess, MIMO transceiver systems, and wireless network security
projects. Her research interests are in the general areas of statistical
and array signal processing and digital wireless communications.
Ali N. Akansu received the B.S. degree from the Technical Univer-
sity of Istanbul in 1980, and received the M.S. and Ph.D. degrees
from the Polytechnic University in 1983 and 1987, respectively, all
in electrical engineering. Since 1987, he has been with the New Jer-
sey Institute of Technology, where he is, currently, a Professor of
electrical and computer engineering. He was a Cofounder and Di-
rector of the New Jersey Center for Multimedia Research between
1996–2000. He was the Vice President for Research and Design
(R & D) of the IDT Corporation between 2000–2001. He has been
the Founding President of PixWave Inc. His industrial aﬃliations
also include his visits to IBM T.J., Watson Research Center and
at GEC-Marconi Electronic Systems Corp. during the summers of
1989, 1996, and 1992, respectively. He serves as a Consultant to the
industry and sits on the boards of a few Internet start-up compa-
nies. He coauthored and coedited three books and many papers on
his research. His current research is on signal and transform theo-
ries with applications in multimedia and communications.
